Point Cloud Morphing

Ladislar Cmolk
Miroslav Uller

Faculty of ElectricalEngineering
CzechTechnicalUniversity
Pragud CzechRepublic

Abstract

In this paperwe introduce, analyzeand compareseve-
ral methods,which may be usedfor morphing three-
dimensionalmodelsrepresentedy point clouds. Our
methodsonsideonly thelocalgeometrianformationex-
pressedy the pointlocationsin 3D space.No additional
topologicalinformationis required. The presentedneth-
odsallow the morphingbetweenwo modelsrepresented
by point clouds.
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1 Introduction

The representatiomf geometricmodelsby large setsof
point samples(a.k.a point clouds) constituteone of the
canonicabataformatsfor scienti ¢ datavisualization.We
canacquirepoint cloudsfrom the measuremendf some
physicalprocessPointcloudscanrepresensurfacesyol-
umetricor iso-surbcedata. The availability of the mod-
ern3D scannerdringsthe possibilityto acquirepoint sets
representinghe surfaceof theanalyzedsolid, thatcontain
millions of samplepoints.

Point cloud can be for someapplicationsbetterrepre-
sentationthanwidely usedboundaryrepresentationThis
holds mainly for very complex models, such as fractal
surfaces. It is generallygoodideato storetheseobject
aspoint clouds,becausdhe algorithmsfor corversionto
the surfacerepresentatiorfsuch as polygonalmesh)are
very computationallyinvolved andrequiregreatamounts
of mainmemory Onereasorfor theinef ciency of bound-
ary representatioris that highly detailedmodelscontain
a large numberof small primitives,which Il lesserarea
thanapixel whenthey areprojectedanddisplayed.

Pointcloudis theunstructuredetof pointsamplesOne
pointsamplds elementarybject,speci edby its location
in 3D spacenhormalvector, color, transpareng andsize.
Singlepoint samplecanbevisualizedasa smallsphereor
apoint(pixel). As presentedh [2], [4] and[5], apointset
representinghe surfaceof a modelcanberenderedasa
solid texturedsurface.
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2 Morphing

Themorphingbetweertwo solidsis theanimationduring
whichthesolidsmoothlychangests shapdrom oneshape
to another Our goal is implementand analyzesereral
methods,which may be theoreticallyapplicableto mor-
phing betweentwo point clouds. The methodsshouldbe
independenbf the topology of the models(shouldcon-
sideronly thelocations possiblynormalsof thepointsam-
ples)andshouldbeableto performmorphingbetweerwo
different-sizegpoint clouds.

The fundamentalprinciple underlying all introduced
methodss the nding of themapping

where is the point setof the rst (source)modeland
is the point setof nal (destination)model. The ac-
tual morphingis the resultof the motion of the individ-
ual points on the path betweentwo points and
. In reality the situationis slightly
moredif cult, becausenepoint of the sourcesetcanbe
assignedo multiple pointsof the destinatiorsetandvice-
versa.Thereforehe morphingcanbe expressedy theset
of point couples . The
morphingcanbe performedby the computingof theloca-
tion of the points  of transitionsolid, ,
where is theprogres®f morphing.If we choose
thestraightmotionpathsthefunction will besimplelin-
earinterpolation.Theresultingnumberof pointsinvolved
in morphingis equatto thecardinalityof theset . There-
fore the whole problemwith morphingcanbe reducedo
the nding of thesuitablerelation .

The assignmenprocessanbe basedon variouscrite-
ria. Probablythe mostcommonlyusedcriterion will be
that the total distance which the individual pointstravel
during the morphing,is minimal. In this casethe nding

of mapping is equialentto thesolvingof theoptimiza-
tion problem
where is thereal-valuednonngyativemetricfunc-

tion. In thesimplestcasewherethe pathsbetweersource



anddestinatiorpointsarelines,the Euclideardistancebe-
tweensourceanddestinatiorpointsis theappropriatean-
didatefor themetric . Themetriccandependalso
on the additionalattributesof point samplessuchasthe
orientationof bothnormalvectors.

The trivial algorithm, which nds all possibleassign-
mentsandchooseghe optimal solutionbasedn the opti-
mization criterion, is unusablebecausef its exponential
computationakcomplexity. Wherethis algorithm canbe
usedfor nding the assignmenbetweensmall point sets
(max. 10 points), the modelsrepresentedby point cloud
containthousandspossiblymillions of samplepoints.We
can nd theassignmenly incorporatinghealgorithmsof
arti cial intelligence(searchingn thestatespace)genetic
algorithms,or spacepartitioning (clustering). This report
introducesseveralmethodsbasedn clustering.

3 Clustering

Theideaof clusteringis to groupthe pointsinto a smaller
numberof clustersand nd the mapping betweenthe
two setsof clusters.Themotivationbehindtheuseof clus-
tering is basicallyto reducethe problemsize, solve the
morphingon the higherlevel (clusterlevel) andthende-
scendo thelowerlevel. Thisapproachs basedn“divide
andconquer’programmingechnique.

Clusteringis oneof generallyusedmethodgor the sim-
pli cation of the point-sampledyeometry In the process
of clusteringthe unstructuredpoint cloud is divided to
several smaller spatiallycompactsubsetgclusters). The
clusterscanbein the next stepof simpli cation replaced
by singlepoint samplesywhosesizewill re ect the sizeof
replaceccluster Two methodof clusteringareclustering
by incrementalregion-gronving and hierarchicalcluster
ing. In ourimplementatiorwe will usethe lattermethod.
This methodis suitablefor our needshbecausé organizes
the point cloud by creatingthe hierarchyof the subset®of
point cloud. All implementednethodsare basedon the
methoddor ef cient pointcloudsimpli cation from [1].

The hierarchicalclusteringis basedon the partitioning
of the point cloud. The recursve algorithm divides the
point cloud to several smallerpoint clouds(clusters).
The result of the algorithm is tree, whosenodesrepre-
sentpoint sets. The root representghe point cloud
the leavesrepresenthe terminal clusters(which arefur-
ther indivisible andwhosesizeis smallerthanthe speci-
ed limit or which containonly onepoint). The presented
algorithmswill beshovn onthehierarchicaklusteringus-
ing binary spacedivision (BSPtree). Other similar data
structuressuchasoctreescanbealsoused[4].

The hierarchicalclusteringusing binary partition per
formsrecursve division of point cloudto two partsby the
split plane The split planeis determinedn mostcases
by the anchorpoint (usuallythe centerpoint - centoid of
thepointset)andthe normalvector The choiceof normal
of the split planehasgreatimpacton the quality of the

morphing. The division algorithmis thenappliedto two

resultingpoint sets. The clusteris divided only if its size
is largerthanthe speci edlimit. In thetext below, several

possiblemethoddor the nding of thenormalof splitting

planeareshovn. As theanchorpoint of thesplitting plane
we will choosein most casesthe centroid of the point

set. For the covarianceanalysisis the centroidthe only

plausiblechoice;for the othermethodswe could usealso
otherpoints,suchasthe centerof boundingbox/bounding
sphereof the point set.

3.1 Orthogonal Clustering

In this straightforvardalgorithmthe normalof split plane
is chosenalternatelyin the directionof , and axis,
dependingon the depthof divided clusterin the binary
tree(see gures 1 and2).
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Figure 1: (a) Orthogonalclustering. 2D for illustration.
(b) First4 stepsin 3D. Thethicknessof line indicatesthe
level of BSPtree.

Figure2: BSPtreefor gure 1 (a). Normalvectorof the
split plateis shown for everyinnernode.

This methodis very easyto implement. The disadan-
tageof this methodis that the point cloud is split by or-
thogonalcuts,which canbe visible during the morphing.
For the reductionof this undesirablgghenomenonve can
applyarandomnoisefunctionto the normalvectorof the
split plane.

3.2 Bounding Box Division

This methodis basedn thedivision of the (axes-aligned)
boundingbox of the point cloud. The parameter®f the
boundingbox are computedfrom the coordinatesof all
pointsamplesaandthe boundingboxis split into two equal



halvesby the planeperpendiculato its longestaxis. This
methoddoesnot necessarilyinvolve the computationof
thecentroidfor eachcluster(theanchorpointfor thesplit-
ting plane can be chosenas the centerof the bounding
box), but we must nd the dimensionsandlocationof the
boundingbox. The boundingbox canbe speci ed by two
pointsin 3D space representinghe lower front left and
upperbackright corners.This methodleadsto decentre-
sults, comparedto orthogonalclustering. However, the
methodis more computationallyexpensve than the for-
mermethod sincethe nding of thecornersof thebound-
ing boxtakesseveraltimes(roughlytwice) moretime than
the nding of thecentroid.

3.3 Covariance Analysis

Thenormalvectorof thesplit planecanbefoundusingthe
covarianceanalysisof the neighborhoodf the centroid
of the point cloud. The covarianceanalysisallows us to
estimatevariouslocal surfaceproperties suchasnormal
vectorof approximationsurfaceor surfacevariation. The
covariancematrix  of thepointcluster is de nedas

where ~ is the centroid of point set Since is

symmetricand positive semi-de nite, all eigervalues

are real-valued and the eigervectors

form an orthogonalbasis. The eigervalues

measurehevariationof pointsetalongthedirectionof
the correspondingigervector

If we assumehat , theplane

minimizesthe sumof squareddistancedo the neighbors
of —. If s the setof pointsrepresentinghe surface,
thenthe normal  of this planeis the approximationof
the normal of this surfacein —, andthe planeis the pla-
narapproximatiorof thesurfacein theneighborhooaf —
(tangentplane). The eigervalue  expressesn this par
ticular casethe variationof the surfacealongthe normal

, or by otherwordsit estimatesiow muchthe pointsof
surfacedeviate from the tangentplane. For moredetailed
descriptionsee[1].

The normalvectorof the split planewill be de ned by
thecentroidof andthelargesteigervectorof the covari-
ancematrixof (whichis ). Thepointcloudis always
split alongthe directionof greateswariation,seethe g-
ure3.

The drawvback of this methodis increasedcomputa-
tional compleity (althoughtheasymptoticcomplexity re-
mainsthe same). Besidesthe centroidwe mustevaluate
the coefcients of covariancematrix  (sincethe matrix
is symmetric,thereare six coefcients), nd the rootsof
characteristigpolynomial of ~ and nally computethe
eigervectorcorrespondindo thelargesteigervalue.

Figure3: (a) Clusteringbasedn the covarianceanalysis.
2D for illustration. (b) First 4 stepsin 3D. Thethickness
of line indicateshelevel of BSPtree.

4 Assignment of Points

Thetrees and createdby the clusteringof starting
and nal point-cloudmodelin the next stagesere asin-
put for the algorithm for the generationof assignments
. Thealgorithmis pretty straightforvard:
in eachstepwill beassignedneclusterfrom  to some
clusterfrom . In thebeginningtherootsof bothtreesare
assigneaneto anotherandtheassignmenis putto theor-
dinary queue.In the next step,the assignment is
extractedfrom the queue. If ary of the clusters , is
a leaf, the assignments put againto the queue elsethe
childrenof and areexaminedassignedo eachother
andtheseassignmentsire put to the queue. This stepis
repeatedintil the queuecontainsonly the assignmentsf
type , Whereat leastoneof or representa
leaf in the correspondingree (terminal cluster). For an
exampleof possibleassignmenseethe gure 4.

8 910 1 12 13
assignment of subsets assignment of points
T|7]5|4|3]2]|1 6|4 4189
T, 7|5|4|3]2]|1 6|8 9 (10| 11| 12[13

— —>
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Figure4: An exampleof theassignmenof points

Theway clustersareassignedo eachotherdepend®n
thechosemetricfunction. Sincewe havede nedthemet-
ric only betweertwo points(whichwill bein ourcasean
Euclideandistancebetweertwo points, ),
we have to extendthe de nition, soit couldbe applicable
alsoto clusters. The metric betweentwo clusters

, isde nedas ,where and are
centroidsof clusters and respectiely. Let usassume
that both treesareregular with the samedegree (every
internalnodehasexactly children). During the nding
of assignmentef childrenof sourcenode to the chil-



drenof destinatiomode we seeksuchpermutation of
elementsyhich minimizesthefollowing expression:

where and ;
and arechildren(subclusterspf noded(clusters) and

. Thiscanbemosteasilydoneby trying all  possibili-
tiesandchooseheoptimal. While  will beusuallysmall
(2 for BSPtree,4 for quadtreeor 8 for octree) this rather
brute-forceapproachs anacceptableolution.

The algorithmpresentedbove generateshe setof as-
signments ,where and areclusters
from sourceanddestinatiorpoint cloudsrespectiely. We
needto generatahe assignmenbf individual point sam-
ples. This canbe doneby replacingthe assignmentse-
tweenclustersby the setsof assignmenbetweenpoints.

Theassignment , Where

and , Will be replacedby the setof
assignments , Where . Assuming
that , this set can be describedas mappingof the
set ontotheset . Theactualmappingwe canchoose

deliberatelyor we canapply somecriteriabasedn metric
function. The only importantfeatureof this mappingis
thatit shouldbe uniformin the sensehatthe numberof
pointsfrom  assignedo individual points should
befor all points approximateljthe same.Thesituation
canbesimpli ed if we setfor the clusteringalgorithmthe
maximumlimit for theclustersizeto 1, sotheassignments
betweerclusterswill bealwaysof type or

4.1 Linear Interpolation

By computingtheset  of theassignmentbetweenndi-
vidual point samplesve have reducedwhole rathercom-
plicated problemwith point cloud morphingto the triv-
ial problemof morphingbetweertheassignegoint pairs.
Consideringthe straight paths betweenassignedpoints

, we cangetthe coordinatesf the pointsof transi-
tion pointcloud usingthelinearinterpolation

where is the progresof morphing. This canbe applied
not only to the coordinatesbut alsoto otherpropertiesof
point samplessuchascolor (red, greenandblue compo-
nents),transpareng or size. With the normal, the situa-
tion is slightly moredif cult. The interpolationof indi-
vidual component®f the normalis not optimal, because
duringtheinterpolationthelengthof normalandtheangu-
lar speeddf vectorrotationis notconstantasit shouldbe).
The rst problemcanbesolvedby thesubsequentormal-
ization of normalvector The better(andslower) solution
is to rotatethe normalvectorinsteadthe interpolationof
the components.n mostcaseshowever, the differences
betweenresultsof methodswhich useinterpolationwith
normalizationandrotationarenegligible.

Anotherpossiblesolutionis to usethepolarcoordinates
for normals soinsteadof coordinatesve have to storethe
angles(sinceall normalsareunit vectors,we do not have
to storethe length of vector). The linearinterpolationof
angleswill yield correctresults.During the renderingthe
angleshave to be transformecdbackto the normals. This
methodwill givethesameresultsastherotationof vectors
andis fasterandlessmemoryexpensve (we have to store
two anglesinsteadof threecomponent®f normal).

5 Implementation and Testing

For the purpose®f testingwe have developedan applica-
tionthatcanloadtwo pointcloudmodels performthenec-
essarydatapreprocessingperformthe hierarchicalclus-
tering, generatahe assignmentbetweenpoint pairs and
visualize the actual morphing process. Our application
waswrittenin C++ usingOpenGLandQt 2.3.0andcom-
piled by MSVC 6.0underWindows. Somedatastructures
andtheformatof input les wereadoptedrom the exist-
ing applicationQSplat{6] (avisualizationsystenfor point
cloudmodels).

Theimplementednethodsor morphingbetweermod-
elsrepresentetly apointcloudhave beentestedntwenty
pairs of models. For someof the pairsthe computation
timesof theprocesof nding of theassignmenof points
have beenmeasured.The asymptoticcompleity of the
orthogonalclustering,the clusteringbasedon the covari-
anceanalysisandthecomputatiorof theassignmenof the
pointshave beencalculated.

The orthogonalclusteringandthe axes-alignecdbound-
ing box division have the compleity. The
clusteringbasedon the covarianceanalysishave alsothe

compleity, they differ only in constantThe
computatiorof the assignmenof the pointshasthe
compleity.

The measurediurationsfor the testedpairs of models
aregivenin thetablel. Threepairsof modelsweretested:
the sphereandthe Stanfordbunny (both modelshave the
samenumberof points),the African maskandthe Christ-
masstar and nally thelion andthe dinosaur The mea-
suredtimescorrespondo thefactthattheasymptoticcom-
plexities of all testecclusteringmethoddliffer only in con-
stant.

We have decreasedhe computationacomplexity and
thetotaltime spenty nding theassignmentby allowing
to storethe oncefound assignmentsf pointsto le and
thenloadit again.

The progresof morphingof the testedpairsof models
usingvariousclusteringmethodsis shovn on the gures
6-10 (morphingof the sphereo the bunry), gures 11-15
(morphingof the African maskto the Christmasstar)and
the gures 16-20 (morphingof thelion to the dinosaur).
Besidesfour testedclusteringmethods(orthogonalclus-
tering,orthogonaktlusteringwith randomnoise,bounding
box division, covarianceanalysis)thereis alsoshavn for



Models || sphere-bnry | mask-star| lion-dinosaur
35285 54773 183409
35285 75782 56 195
2s 7s 16s
2s 7s 16s
7s 25s 73s
20s 78s 302s

Tablel: Measuredimes

the sale of comparisorthe casewhenthe assignmenbf
pointsis choserrandomly

In thetablel, is the size of the point cloud of the
sourcemodel and is the size of the point cloud of
the destinationmodel. The values ,
and are the times spentby computingthe assign-
ment of the points for the morphingusing the orthogo-
nal clustering,orthogonalclusteringwith randomnoise,
axes-alignedoundingbox division andcovarianceanaly-
sisrespectiely. Thevaluesweremeasuren systemwith
processoAthlon 1GHzand256MB RAM.

6 Discussion

In this sectionwe will discusgthe problemsthatprovides
theimplementednethods.The main problemis theocca-
sionaloccurrenceof cracksin the modelduring the mor-
phing. The cracksoccurbecausef the spacepartitioning
andthe non-cowvexity of the shape. Our opinion is that
this problemcannotbeeliminatedonly ontheassumption
of the sumof squareddistancesas the criterion of qual-
ity. This criterionis usableonly for corvex shapes.In a
corvex shapeevery surfacepoint can be connectedvith
every othersurfacepointswith aline without intersecting
the surfaceof theshape f acornvex shapes dividedby a
split planethentheresultsarealwaystwo corvex shapes.
Ontheotherhandanon-cowex shapecanbedividedby a
split planeto any numberof corvex or non-corvex shapes
andthis is the main reasonfor the occurrenceof cracks,
seegure 5.

Alexa et al. have presentedn [3] methodsfor trans-
formationof anon-corvex B-repshapeo a corvex shape.
The3D manifoldobjectsarehomeomorphievith asphere,
sothe unit sphereis the corvex shapeon which the non-
convex shapeshouldbetransformedThosemethodsan
be adaptedor the point cloudrepresentation.

Oneclassof shapesrethe starshapeskFor a starshape
exist at leastone point  insidethe shapewhich canbe
connectedwith every boundarypoint of the shapewith
a line without intersectingthe surfaceof the shape. The
point s calledorigin. If the coordinatesystemis trans-
formedto betheorigin in its centerandthecoordinates
of eachboundarypointnormalizedhenthe starshapehas
beentransformedo the unit sphere.The main problemis
to nd whethera shapes a starshapeor notand nd the

split plane split plane

a crack will occur .*

(@) (b)

Figure5: (a) The sourceshape.(b) Thetamgetshape.A
crackwill occurbecausenf the non-cotvexity of source
shape.

origin , especiallyfor point cloud representatiomvhere
no informationaboutthe surfaceis included.

Secondtlassof shapesrenon-covex non-starshapes.
This classof shapeganbetransformedo unit sphereus-
ing the barycentricmapping. The barycentricmapping
usesasimpleideathatevery pointis placedin centroidof
its neighbors.The shapeshouldbe down-sampleduntil it
is acorvex shape.The coordinatesystemshouldbetrans-
formedto be the centroidof the shapein its center then
thecoordinate®f thepointsshouldbenormalized andthe
down-samplegointsshouldbeup-sample@n unit sphere
respectingheideaof barycentriomapping.

In this casethe pathscan not be lines. The paths
should dependon function which transformsthe non-
corvex shapeo unit sphere.

Theseproblemsare rathernon-trivial onesandthe fu-
turework will befocusedon theseparticularproblems.

7 Conclusion

For corvex or justalittle bit non-corvex modelsgivesthe
bestresultsthe morphingbasedon the orthogonakluster
ing. Thegenerallybestmethodfor non-corvex modelscan
notbechosenThetestinghasprovedthattheresultsof all
methoddependntheshape®f thesourcemodelandthe
targetmodel.

Thesemethodsare not usablefor high-quality morph-
ing, so the methodshave to be improved. The sum of
squaredlistancegannotbeusedasonly criterionof qual-
ity for non-comvex shapesNon-corvex shapeshave to be
transformedo corvex shapes.

7.1 Features

Pointcloud morphingallows morphingbetweerntwo

pointcloudsrepresentingieometrianodelswith dif-

ferenttopologiesthat can not be transformedeasily
oneto another(i.e. sphereto toroid) and even for

models for which thereis no clearnotion of surface
(e.g.vegetation).



Cracksoccurin themodelduringamorphingbecause
of thespacepartitioningandthenon-comwexity of the
shape.

7.2 Future Work

Transformthe shapego the unit spherebeforethe
clustering.

Incorporate the topological information to algo-
rithms.
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Figure8: Exampleof morphingbetweermodelof sphereandmodelof Stanfordbunny (usingorthogonaklusteringwith
randomnoise).

Figure9: Exampleof morphingbetweemmodelof sphereandmodelof Stanfordounry (usingaxes-alignedoundingbox
division).

Figure10: Exampleof morphingbetweermodelof sphereandmodelof Stanfordbunry (usingcovarianceanalysis).



Figure12: Exampleof morphingbetweermodelof African maskandmodelof Christmasstar(usingorthogonakluster
ing).

Figure13: Exampleof morphingbetweemmodelof African maskandmodelof Christmasstar(usingorthogonatlustering
with randomnoise).

Figure 14: Exampleof morphingbetweenmodel of African maskand model of Christmasstar (using axes-aligned
boundingbox division).

Figurel5: Exampleof morphingbetweermodelof African maskandmodelof Christmasstar(usingcovarianceanalysis).



Figure16: Exampleof morphingbetweenmodelof lion andmodelof dinosaur(randomassignment).

Figure17: Exampleof morphingbetweemmodelof lion andmodelof dinosaur(usingorthogonaklustering).

Figure18: Exampleof morphingbetweermodelof lion andmodelof dinosaurusingorthogonaklusteringwith random
noise).

Figure 19: Exampleof morphingbetweemmodelof lion andmodelof dinosaur(usingaxes-alignecoundingbox divi-
sion).

Figure20: Exampleof morphingbetweemmodelof lion andmodelof dinosaur(usingcaovarianceanalysis).



